The detection of community structure in stock market is of theoretical and practical significance for the study of financial dynamics and portfolio risk estimation. We here study the community structures in Chinese stock markets from the aspects of both price returns and turnover rates, by using a combination of the PMFG and infomap methods based on a distance matrix. We find that a few of the largest communities are composed of certain specific industry or conceptional sectors and the correlation inside a sector is generally larger than the correlation between different sectors. In comparison with returns, the community structure for turnover rates is more complex and the sector effect is relatively weaker. The financial dynamics is further studied by analyzing the community structures over five sub-periods. Sectors like banks, real estate, health care and New Shanghai take turns to compose a few of the largest communities for both returns and turnover rates in different sub-periods. Several specific sectors appear in the communities with different rank orders for the two time series even in the same sub-period. A comparison between the evolution of prices and turnover rates of stocks from these sectors is conducted to better understand their differences. We find that stock prices only had large changes around some important events while turnover rates surged after each of these events relevant to specific sectors, which may offer a possible explanation for the complexity of stock communities for turnover rates. The stock market is a typical complex system with different types of interactions between individuals and listed companies. To understand how the returns of different companies are correlated with each other and identify their community structure is of crucial importance for the study of financial dynamics and portfolio risk estimation. For this purpose the study of stock correlations has attracted much interest [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . It is noted that there is a coexistence of random and collective interactions among stocks in financial markets. The majority of eigenvalues of the stock correlation matrix agree well with the predictions of random matrix theory (RMT) [1] , while a few large eigenvalues contain information about the co-movements of particular stocks within specific industry sectors or communities [15, 16] . Revealing the interactions between stocks and their variance over time has provided useful information for portfolio optimization and systemic risk estimation [3] [4] [5] [17] [18] [19] .
The detection of community structure in stock market is of theoretical and practical significance for the study of financial dynamics and portfolio risk estimation. We here study the community structures in Chinese stock markets from the aspects of both price returns and turnover rates, by using a combination of the PMFG and infomap methods based on a distance matrix. We find that a few of the largest communities are composed of certain specific industry or conceptional sectors and the correlation inside a sector is generally larger than the correlation between different sectors. In comparison with returns, the community structure for turnover rates is more complex and the sector effect is relatively weaker. The financial dynamics is further studied by analyzing the community structures over five sub-periods. Sectors like banks, real estate, health care and New Shanghai take turns to compose a few of the largest communities for both returns and turnover rates in different sub-periods. Several specific sectors appear in the communities with different rank orders for the two time series even in the same sub-period. A comparison between the evolution of prices and turnover rates of stocks from these sectors is conducted to better understand their differences. We find that stock prices only had large changes around some important events while turnover rates surged after each of these events relevant to specific sectors, which may offer a possible explanation for the complexity of stock communities for turnover rates. The stock market is a typical complex system with different types of interactions between individuals and listed companies. To understand how the returns of different companies are correlated with each other and identify their community structure is of crucial importance for the study of financial dynamics and portfolio risk estimation. For this purpose the study of stock correlations has attracted much interest [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . It is noted that there is a coexistence of random and collective interactions among stocks in financial markets. The majority of eigenvalues of the stock correlation matrix agree well with the predictions of random matrix theory (RMT) [1] , while a few large eigenvalues contain information about the co-movements of particular stocks within specific industry sectors or communities [15, 16] . Revealing the interactions between stocks and their variance over time has provided useful information for portfolio optimization and systemic risk estimation [3] [4] [5] [17] [18] [19] .
Among the various methods used in detecting stock correlations, Planar Maximally Filtered Graph (PMFG), an extension of Minimal Spanning Tree (MST) is proposed as an efficient approach to file out the internal structure between complex data sets [20] . It has been used to study the collective behavior of stock prices in * Electronic address: spli@phys.sinica.edu.tw † Electronic address: fren@ecust.edu.cn the US equity market, and a cluster formation associated with economic sectors, is quantitatively investigated [21] . In a similar work conducted by this method, a structure change was found during the 2008-2009 financial crisis [22] . It has also been used to investigate the correlation among 57 stock market indices around the world, and both fast and slow dynamics are discovered in the correlation-based PMFG graphs [23] . From the topological structure of PMFG graph, one can observe the connections between stocks and detect its local communities. On the other hand, an information theoretic (infomap) method was proposed to capture the community structure in complex networks [24, 25] . Unlike the traditional way of identifying community structures, this method makes use of the valuable information of weights and direction of the links to decompose the network into modules. It has been used to reveal the community structure in stock networks constructed by PMFG method, in which the link weights are associated with the correlation coefficients [12, 23] . To better extract the local interactions between the business sectors, the stock correlation matrix is decomposed based on RMT, and the background noises and the global price movement are removed.
Previous studies of stock correlations are mainly concentrated on the return series. It is worth to extend the correlation study to trading volumes, which is known to be an important variable reflecting the liquidity of financial markets. It has been proven that there exists a scaling relationship between trading volumes and price returns [26] [27] [28] [29] [30] [31] [32] , and they have universal properties like the fat-tailed distribution and the long-term memory effect [27, 28] . The study of the community structures identified by trading volumes is valuable for understanding the interactions among stocks from the aspect of market liquidity, and its comparison with the structure of return series can further help to reveal the relationship between trading volumes and price returns. Much work has been done on analyzing the cross-correlation between price returns and trading volumes by various methods, e.g. Granger causality test [33] , detrended cross-correlation analysis [34] , and synchronized crosscorrelation [35] . However, the study about the correlation between trading volumes is still rare [36, 37] . The topological property of the MST graph constructed from buy and sell volumes on the Korean stock market has been studied [36] . By using the inference techniques, it has been shown recently that the traded volumes can provide the information about market mode and interactions within industry sectors [37] .
In this paper, we study the dynamic structure of stock communities based on the cross-correlations between stocks on the Chinese stock market, by using a combination of the PMFG and infomap methods. A comprehensive comparison is performed between community structures measured by price returns and turnover rates. To further study the dynamic evolution of community structures, we study the stock communities measured by price returns and turnover rates in five time periods, each having a time span of about two years, and explain their differences according to the specific conditions of the stock markets in that period.
I. DATA AND METHODS

A. Data
The dataset used in our study is retrieved from the Beijing Gildata RESSET Data Technology Co., Ltd, see http://www.resset.cn/. Our database contains the daily closing prices and trading volumes of all A-Share stocks traded on Shanghai Stock Exchange (SHSE), one of the two stock exchanges in mainland China. The A-Share stocks are issued by mainland Chinese companies, and traded in Chinese Yuan. Among the stocks of financial industry, more than half of banks began their IPO on SHSE after 2007. To ensure that our sampling stocks are evenly distributed in major important conventional industries, we select the A-share stocks traded on Shanghai Stock Exchange from October 8, 2007 to March 31, 2015 covering the periods of the subprime mortgage crisis in 2008 and European debt crisis started near the end of 2009. We further select the most liquidity stocks traded on the stock exchange to ensure that the stocks have enough number of trading days to be statistically significant in our studies. The filtering criterion is to exclude those stocks that are continuously suspended from the market for more than 10 days or suspended from the market for more than 30 days in total. This filtering yields the sample dataset of 350 A-Share stocks and 625412 daily records in total.
According to the Global Industry Classification Standard (GICS), the stocks traded on Shanghai Stock Exchange are categorized into nine sectors: energy, materials, industrials, consumer goods, health care, banks, real estate, information technology, and utilities. Banks and real estate are two important sectors in the financial industry, and we make separate analysis here. Table I is the summary statistics of the 9 industry sectors, including the names and codes of sectors, and the number of chosen stocks belonging to each sector. Note that we also include a conceptional sector, called "New Shanghai" (SH), which is found to be one of the fundamental sectors composing stock communities. The New Shanghai stocks refer to those stocks issued by companies dealing with financial affairs and urban constructions in Shanghai. The trading volume is known to be an important variable reflecting the liquidity of financial markets, and is a non-stationary series. Owing to the non-stationarity property of the trading volume, we consider the percentage changes in volume in our empirical analysis, wellknown as the turnover rate. The turnover rate is defined as the ratio of the number of shares of a stock traded at time t to the total number of outsanding shares for the stock. Hence, we use turnover rates to study the stock correlations instead of trading volumes, and compare with the correlations obtained from price returns.
B. Correlation coefficient matrix decomposition
We use the Pearson's correlation coefficient to quantify the cross-correlations between individual stocks. For the time series of two different stocks X i (t) and X j (t), e.g. return series or turnover rate series, the Pearson's correlation coefficient is defined as
where σ i and σ j are the standard deviations of the two stock series. If there are N sample stocks, we shall have a correlation matrix C with N × N correlation coefficients as its elements. Many studies of stock correlations have shown that most of the eigenvalues in the stock correlation matrix agree well with the predictions of RMT [1] . The analytical results of the random matrices are as follows. For the correlation matrix of N random time series of length L, the probability density function (PDF) P (λ) of the eigenvalues λ in the limit N → ∞ and L → ∞ is given by
where Q ≡ L/N > 1, and λ is within the bounds λ min ≤ λ ≤ λ max . λ min and λ max are the minimum and maximum eigenvalues of the random correlation matrix, and are given by
Notice that there also exist a few eigenvalues whose values are much larger than the eigenvalues of a random correlation matrix. The largest eigenvalue indeed quantifies a market-wide influence on all stocks [11, 15] , and some of the other large eigenvalues contain information about the co-movements of particular stocks within specific industry sectors or communities [15, 16] .
To better extract the interactions between stock sectors, we follow the procedures in [12] , and decompose the correlation matrix into three modes: random mode, market mode and sector mode. The decomposition equation is as follows
The random mode is measured by the eigenvalues restricted to the analytical result of the random matrices (λ α ≤ λ max ) and their associated eigenvectors, and it is analogous to the white noise in stochastic processes. The market mode is quantified by the largest eigenvalue λ 0 , which generally corresponds to the influence of all the stocks in the stock market, known as the market-wide influence. The random noise and market-wide influence are removed from the correlation matrix, and the remainder, defined as sector mode, contains information about the industry sectors or communities. We will use the sector mode to construct the stock network and to analyze its community structure.
C. Network construction method
The PMFG is the simplest way of building graphs embedded on surfaces with a given genus [20] [21] [22] . A general approach to construct this type of graph is as follows: (i) First sort the correlation coefficients c ij by decreasing order, and we here take the sector mode of the correlation coefficients. (ii) Pick out the first (largest) element in the order list, and add the edge between nodes i and j to the graph. (iii) Pick out the next element and add the edge if the resulting graph is embedded on a surface of genus g; otherwise skip it. (iv) Iterate the process by repeating step (iii) until all pairs of (i, j) have been considered. In general, the larger the genus is, the greater the amount of original information is preserved in the graph. However, this increases the complexity of the graph. The simplest graph is the one associated with g = 0, which is a triangulation of a topological sphere. Such a planar graph is called a planar maximally filtered graph (PMFG). PMFGs not only have the algorithmic advantage that planarity tests are relatively simple to perform, but can also provide a larger amount of information about the internal structure of a stock market [20, 22] .
The use of a distance matrix provides an alternative way to construct the PMFG graph, which has also been widely applied in the study of market structures [21, 22, 38] . The distance between nodes i and j is computed as d ij = 2(1 − c ij ), where c ij is the sector mode of the correlation coefficients. According to this formula, the minimum distance corresponds to the maximum correlation. In the original PMFG approach, the maximum correlation coefficient is taken as the edge weight. The same graph can also be obtained by minimizing the alternative weight given by the distance. The main difference in the approach is that we rank the distances d ij by ascending order in step (i), and the first element picked out in step (ii) is consequently the smallest. All other steps remain to be the same.
Theoretically the PMFG graph constructed by the correlation coefficients is the same as the one obtained by the measure of distances, which could be demonstrated easily in our study. Therefore, we will only show the results of the graph constructed by the distance matrix. Recently, a new study has used absolute correlation coefficients to construct PMFG graphs [12] . This method detects the interactions between stocks based on the magnitude of their correlations, regardless of the signs of their correlations. By doing so, those stocks with high positive and negative correlations could be connected through edges, and anti-correlated sectors, between which stocks are negatively correlated, are consequently observed in their community structure [12] . We also use absolute correlation coefficients to construct the PMFG graph for comparison with the graph obtained by the distance matrix.
An infomap method is further used to reveal the community structure in the stock network constructed by the PMFG method. Before doing that, an adjacent matrix needs to be computed according to the PMFG graph. The elements corresponding to the pairs of (i, j) which have edges in the PMFG graph are constructed from the correlation coefficients of the sector mode. For other pairs of (i, j) which do not have edges in the PMFG graph, the elements are set to be zero. We use this adjacent matrix to identify stock communities based on the infomap method. This information theoretic method is proposed to reveal community structures in weighted and directed networks. It makes use of the probability flow of random walks on a network as a proxy for information flows in the real system, and searches for a module partition of network nodes so as to minimize the expected description length of the random walk. For more details about this method, the reader is referred to [25] .
II. COMMUNITY STRUCTURES IN WHOLE
PERIOD OF SAMPLE DATA
A. Distributions of correlation coefficients and eigenvalues
We here use the time series of returns and turnover rates of 350 sample stocks from October 8, 2007 till March 31, 2015, and compute their correlation matrices separately based on the Pearson's correlation coefficient estimate. To get a general understanding of the statistical properties of the correlation coefficients, we first analyze the distribution of the elements c ij of the correlation matrix. Fig. 1 is a plot of the probability density function (PDF) P (c ij ) of the correlation coefficients. Fig. 1 (a) shows P (c ij ) for returns calculated by Eq. (1), represented by circles in the figure. We observe that P (c ij ) is biased towards positive c ij , and its center is located at a value around 0.45. Similar behavior is observed in P (c ij ) for turnover rates, as shown in Fig. 1 (b) . The peak of P (c ij ) for turnover rates is located around 0.25, a value smaller than that for returns. We also observe a small portion of c ij is distributed at negative values, which is not seen in P (c ij ) for returns. These differences suggest that the interaction between individual stocks reflected in price changes is on average stronger than that in market liquidity. The correlation coefficient matrix is further decomposed into three modes according to the decomposition Eq. (4). The PDFs of the correlation coefficients for market mode, sector mode and random mode are also shown in Fig. 1 , depicted by solid line, dashed line and dotted line respectively. For returns, the PDF corresponding to the market mode gives a curve close to the PDF of the original correlation coefficients, which indicates that the movements of individuals stocks are dominated by the so-called market-wide influence. PDFs for both the random and sector modes have peaks near zero, with the latter having fatter tails especially on the positive side of the horizontal axis. For turnover rates, the PDF for market mode is thinner than that for the original correlation coefficients, and the PDF for sector mode shows tails obviously fatter than that for the random mode. All of these remind us that the collective behavior in market liquidity is not as strong as in price changes and the sector mode for turnover rates contains information more complex than for price returns.
In the calculation of correlation coefficient matrix decomposition, we need to compute eigenvalues of correlation matrices. In Fig. 2 , the PDFs P (λ) of the eigenvalues of the correlation matrices for returns and turnover rates are plotted. 
B. Community structures of returns and turnover rates
We now use the sector mode of the correlation coefficients to compute the distance matrix, and construct the stock network based on the PMFG method. The infomap method is further used to capture the community structure of the PMFG graph. We find that most of the communities in the stock networks comprise particular stocks within specific industry sectors or conceptional sectors which have similar properties. Instead of illustrating the community structures in terms of individual stocks, we draw interactions between sectors for simplicity. Figs In the PMFG graphs, there are a few communities composed of multiple sectors, while each of the remaining communities corresponds to one particular sector. In addition, some sectors like consumer goods and materials repeatedly appear in several different communities. The largest community for returns is banks, which is connected to real estate by a strong interaction. The largest community for turnover rates comprises two sectors, namely banks and real estate. This means that the financial industry which includes banks and real estate play an important role in the Chinese stock market from both aspects of price change and market liquidity.
To better understand the communities extracted from the PMFG graphs, we list the eight largest communities of the PMFG graphs obtained from the correlation matrices of price returns and turnover rates in Table II . N stock denotes the number of stocks in each community, and the total number of stocks in the eight communities accounts for a large portion of 350 sample stocks. In Table II , the codes of sectors composing these communities are listed, and the number in the bracket after the sector code represents the number of stocks belonging to this sector. The banks sector and consumer goods sector appear in the largest and 2-nd largest communities respectively for both returns and turnover rates. Other sectors, like real estate, materials, IT and New Shanghai, appear in these largest communities for both returns and turnover rates but with different rank orders, showing different positions in the networks for the two time series.
TABLE II: Eight largest communities of the PMFG graphs obtained from the correlation matrices of price returns and turnover rates using the daily records from October 8, 2007 to March 31, 2015 . The stock communities are extracted from the PMFG graphs by the infomap method. The interacting sectors identified in the top 50% stocks with the highest page ranks and the total stocks of the eight largest communities, the number of stocks N stock , the sum of the mean correlation coefficient ic i and the sum of the page rank i P Ri in each community are listed. The page rank P Ri could be regarded as a measure of centrality of stock i, and the mean correlation coefficientci is taken average over the correlation coefficients between stock i and its neighboring stocks. The number in the bracket after each sector code denotes the number of stocks from this sector.
Return Community Top 50%
Total Nstock
BA (11) BA (11) One would argue that the sector effect is relatively weak, since the stocks belonging to the identified sectors do not occupy a major proportion of stocks in their corresponding communities. This is more evident in the case of turnover rates. We further identify the sectors in the top 50% stocks with the highest page ranks inside the communities, and list the results in Table II . We find that the sector effect is more prominent for those stocks at the center of the corresponding communities, which have higher page ranks. Furthermore, the sectors identified in the top 50% stocks confirm all or part of sectors identified in the total stocks of each community.
The sum of the page rank i P R i in each community is also shown in Table II . Since the size of community i is determined by i P R i , its value decreases for communities in the order from largest to smallest. The page rank P R i of stock i reflects its centrality in network, which is associated with its interaction strength with other stocks. We assume that the page rank of a stock is proportional to the average value of its correlation coefficients with other stocks. To verify this, we calculate the mean correlation coefficientc i , which is the average of the correlation coefficients between stock i and its neighboring stocks, and take the sum of the mean correlation coefficient ic i over the stocks inside the com-munity. We find that ic i decreases as the community size decreases, in agreement with the result of i P R i . Therefore, the largest community could be regarded as a cluster of stocks with strongest interactions in total.
To quantitatively understand the interactions between the sectors composing the communities, we also study the correlations inside and between industry sectors in the market. The average correlation inside a sector is defined as
where c ij is the correlation coefficient between the stocks from the same sector p, c in ij is the sum of the correlation coefficients of edges inside all the sectors, and the average c in ij is taken over the total number of edges n e inside all the sectors. We also measure the average correlation between sectors by
where c ij is the correlation coefficient between the stocks from sectors p and q, c be ij is the sum of the correlation coefficients of edges between different sectors, and the average c be ij is taken over the total number of edges n ′ e between all the sectors.
In Table III , the average and sum of the correlation coefficients inside sectors c in ij and c in ij , and the average and sum of the correlation coefficients between sectors c be ij and c be ij are presented. The results are listed for return and turnover rate series by using two methods: method I uses the distance matrix to construct PMFG Graph, that is also the method used in our study; method II uses the absolute value of correlation matrix to construct PMFG Graph, and we present the results using method II in comparison with the results in [12] . The left panel of Table III . For returns, c in ij is significantly larger than c be ij by both methods, which suggests that the correlation between each pair of stocks inside a sector is stronger than the correlation between stocks in different sectors on average. Though this result is similar to that revealed in [12] , we do not observe the anticorrelation between the industry sectors indicated by the negative value of c be ij . The anti-correlation between sectors is observed only in a few of the largest communities, for instance BA and CG composing the largest community by using method II. Though the average correlation between sectors is taken over different communities, c be ij is a positive value close to zero. This is because the correlations between sectors in many other communities have small positive values. In fact, c be ij shows negative values very close to zero in [12] . The sums of correlations inside and between sectors are also listed in Table III is much larger than c be ij by using method I, but is slightly larger than c be ij by using method II. In general, the average and total correlations inside the sectors are similar to those correlations between sectors if the original correlation coefficients are used in the calculation. This is quite different from the results calculated by the sector mode of the correlation coefficients, in which the correlation inside the sectors is obviously larger than the correlation between sectors. We may therefore infer that it is better to use the sector mode to capture the community structure in which case the stocks identified in the community have stronger interactions.
We further make a comparison between the interactions of sectors using methods I and II. The results obtained by the two methods are qualitatively similar with slight quantitative differences. The correlation inside a sector is generally larger than the correlation between different sectors revealed by both methods, though it is more evident in the observation of average correlation by method II. In our study, we consider the interactions between stocks by taking into account the magnitudes and signs of their correlation coefficients, and use method I to construct the PMFG graph.
III. EVOLUTIONS OF STOCK COMMUNITIES AND COMPARISON BETWEEN RETURNS AND TURNOVER RATES
A. Partition of sub-periods
In the following, we will focus on the evolutions of community structures in stock networks. To better understand the variance of community structures over time, we partition the whole period of our sample data into five sub-periods: from October 8, 2007 
The stock communities are then extracted from the PMFG graph in each sub-period. The length of each sub-period is one and a half year, about 360 trading days on average which is larger than the number of our sampling stocks. In so doing, we make sure that the stocks have enough number of trading days to be statistically significant in each sub-period. On the other hand, the length of a sub-period should not be too long since having enough number of sub-periods is beneficial to the investigation of the variance of community structures. Before we study the evolutions of community structures, we would need to decompose the correlation coefficient matrix and compute the part related to the sector mode in each sub-period. Table IV provides the basic information about the eigenvalues of the empirical correlation matrices and the random correlation matrices for returns and turnover rates in the five sub-periods. λ 0 and λ 349 are the largest and smallest eigenvalues of the correlation coefficient matrices obtained from the empirical return and turnover rate series. For both return and turnover rate series, λ 0 is largest in the first subperiod, which indicates that the market-wide influence on price changes and market liquidity is strongest during the financial crisis. However, λ 0 does not simultaneously show large values for both time series in any of the other sub-periods, which reflects their differences that exist in collective behaviors. λ 349 has small values in all the subperiods for both returns and turnover rates. λ max and λ min are the largest and smallest eigenvalues of the random correlation matrices computed by Eq. (3). λ max is around 3.9, and λ min is slightly larger than λ 349 of the empirical correlation matrices. M denotes the number of eigenvalues of the empirical correlation matrix that are significantly larger than λ max of the random correlation matrix in each sub-period. M generally decreases as λ 0 increases, which has been offered a cursory explanation in [11] . There are 3-6 and 13-16 eigenvalues used in the calculation of sector mode respectively for returns and turnover rates. This further confirms that the sector mode for turnover rates contains information more complex than for price returns.
B. Community structures of returns and turnover rates in different sub-periods
In the following, we present the community structures of the PMFG graphs obtained from returns and turnover rates in the five sub-periods. Figs. 5 (a) and (b) are plots of the community structures for returns and turnover rates in the first sub-period from October 8, 2007 to March 31, 2009 . For returns, the largest community comprises banks and industrials, and is connected to two other large communities composed of energy-materialsindustrials and real estate respectively. Compared to returns, the community structure for turnover rates is more complex. Its graph has more communities and edges, and the sector effect is relatively weak, having many communities with multiple sector contents. The banks sector again appears in the largest community, but the real estate is in a small community. Furthermore, they are at the edges of the network, not at the center as observed in the graph of returns. Table V lists the sectors composing the eight largest communities of the PMFG graphs for returns (left) and turnover rates (right) in the five sub-periods. For those communities which do not have clear sector effect, the sector codes are not listed. In the first sub-period, the interacting sectors identified in the top 50% stocks and the total stocks of the eight largest communities provide similar results. The banks and industrials sectors appear in the largest community for both returns and turnover rates. There also exist obvious differences in the identified sectors for the two time series. For instance, the real estate sector and New Shanghai sector are the 3-rd and 7-th largest communities for returns but they do not appear in the eight largest communities for turnover rates. One can also observe that ic i and i P R i decreases as community size gets smaller.
To better illustrate the similarities and differences in the interacting sectors for returns and turnover rates, we show evolutions of prices and turnover rates of the stocks in several specific sectors in the first sub-period in Fig.  6 . Banks and real estates are picked as two important sectors, which are associated with the subprime mortgage crisis in 2008. This global financial crisis was triggered by a dramatic rise in default rate on subprime mortgage in US, and caused major adverse effects on real estates and banks all over the world. Figs. 6 (a) and (b) show evolutions of prices and turnover rates for stocks from the banks sector in the largest community for returns and turnover rates respectively, and most of the stocks in the two communities have identical codes. The price and turnover rate are standardized to facilitate comparison between different stocks. Labels A to C in the figure correspond to the following events: A, since September 2008, China reduced the benchmark deposit and lending interest rate five times and deposit reserve ratio four times in that year; B, the State Council of China announced a 4 trillion Chinese Yuan stimulus package on 9 November, 2008; C, in January 2009, the government introduced an industry adjustment and revitalization plan for ten industry sectors. These measures were taken to minimize the impact of the global financial crisis on China. The patterns of the price evolutions for different stocks in Fig. 6 (a) are quite consistent: Before the release of these stimulus measures, the stock prices suffered a disastrous decline affected by the global financial crisis; After imposing these measures, the stock prices reversed their trends. The time evolutions of the turnover rates for different stocks in Fig. 6 (b) exhibit similar behavior, and turnover rates surged after each of these events while the stock prices rose after event C, caused by the cumulative effects of these three events. Fig. 6 (c) shows the evolutions of prices for the stocks from the real estate sector in the 3-rd largest community for returns, and Fig. 6 (d) shows the evolutions of turnover rates for the stocks from the real estate sector in the 10-th largest community for turnover rates. Compared to the patterns of the stocks in the largest community, the agreement between the curves for the stocks in either the 3-th or 10-th largest community is relatively weak. Labels A' to C' in the figure correspond to the following events: A', the 4 trillion Chinese Yuan stimulus package was announced on 9 November, 2008; B', from November 2008, the contract tax rate was lowered to 1% and stamp duty tax and land value-added tax was canceled for personal purchases of housing with a ground floor area of less than 90 square meters, and for the first-time home buyers and upgraders the home loan interest rate was offered a 30% discount and the minimum down payment was down to 20%; C', on January 3, 2009, China's four large state-owned commercial banks announced that they might offer 30% discount on home loan interest rate for the high-quality customers who had applied mortgage loan before the end of October 2008. Although the stock price started to rebound only after event C', turnover rate surged after each of these events. Moreover, the patterns of turnover rates for stocks in the 10-th largest community are clearly different from the patterns of turnover rates for stocks in the largest community, which demonstrates the effectiveness of the infomap method in community detection. Another specific sector is industrials, which is largely affected by the 4 trillion Chinese Yuan stimulus package. Fig. 7 (a) shows the evolutions of prices for the stocks from the industrials sector in the 2-nd largest community of the graph obtained from returns. One can see that the patterns of price evolutions for different stocks are in agreement with the listed events. Labels A and B in the figure correspond to the following events: A, the 4 trillion Chinese Yuan stimulus package was announced on 9 November, 2008; B, an industry adjustment and revitalization plan of iron & steel and automobile industries was issued in January 2009. Similar to the banks and real estate sectors shown above, the stock prices suffered a disastrous decline in the early stage of this sub-period, but reversed their trends after the release of the stimulus package. Most stocks in the 2-nd largest community for returns also appear in the 2-nd and 6-th largest communities for turnover rates, and the evolutions of turnover rates for the stocks in these two communities are also shown. The patterns of turnover rates for the two communities in Figs. 7 (b) and (c) are very different, which again demonstrates the effectiveness of the infomap method. Turnover rates had a stronger surge after event B than after event A for the stocks in the 2-nd largest community, while stocks in the 6-th largest community exhibit opposite behavior. Since stocks in the 2-nd largest community are issued by the import and export companies deal in iron & steel, it is easy to understand that the increase of the turnover rate is more evident after the release of the industry adjustment and revitalization plan of iron & steel and automobile industries. The stocks in the 6-th largest community mainly belong to the machinery manufacturing industry, and their turnover rates significantly increased due to the enhanced expectations on infrastructure investment after the release of the stimulus package. The community structures for returns and turnover rates in the second sub-period from April 1, 2009 to September 30, 2010 are shown in Fig. 8 . The community structure for returns in this sub-period keeps its simplic-ity, similar to the first sub-period: banks and real estate sectors appear in two of the largest communities; and health care, consumer goods and industrials compose the largest community at the edge of the network. The graph for turnover rates is more complex and intensive than in the first sub-period. Sectors like materials, industrials and consumer goods repeatedly appear in the largest communities, and each community is connected to many other communities. Details of the sectors composing the eight largest communities for returns and turnover rates in this sub-period are listed in Table V . Health care, banks and real estates appear in the three largest communities for returns respectively, while they appear in relatively smaller communities for turnover rates, i.e., 5-th and 8-th largest communities.
We choose health care as a specific sector, and show the evolutions of prices and turnover rates for the stocks in this sector. Fig. 9 (a) shows the evolutions of prices for the stocks from the health care sector in the largest community for returns, and Fig. 9 (b) shows the evolutions of turnover rates for the stocks from the health care sector in the 5-th largest community for turnover rates. The health care sector had experienced a series of reforms in the second sub-period, and labels A to D in the figure correspond to the following events: A, in April 2009, China released "views of the CPC Central Committee and State Council on deepening the medical and health system", which marked a new round of healthcare reform; B, the National Development and Reform Commission (NDRC) released "views on reform of price formation mechanism for drugs and medical services" on November 23, 2009; C, in April 2010, the State Council announced the main work of five reform programs in 2010; D, the NDRC issued drug price control policies in late May 2010. The prices of stocks in health care sector were generally rising in this sub-period due to the expectation of health-care reform, though they experienced a temporal decline around events C and D. The turnover rates remarkably increased around each of these events. Fig. 10 shows the community structures for returns and turnover rates in the third sub-period from October 8, 2010 to March 30, 2012 . The graphs in this subperiod look similar to those in the second sub-period. For returns, health care, banks and real estate respectively appear in the three largest communities. The graph for turnover rates maintains its complexity in which sectors like materials, industrials and consumer goods repeatedly appear in the large communities, but the graph displays a chainlike structure in comparison with the graph in the second sub-period. According to the sectors composing the eight largest communities for returns and turnover rates in this sub-period listed in Table V , health care appears in the largest community for returns and the 3-rd largest community for turnover rates. There also exist notable differences between returns and turnover rates: banks and real estate only appear in the eight largest communities for returns, and IT only appears in the eight largest communities for turnover rates. To better understand their similarities and differences, we choose the health care, banks and IT sectors, and show the evolutions of prices and turnover rates of the stocks from these three sectors. The stock prices were generally falling in this sub-period since the Chinese stock market was deeply affected by the European debt crisis which entered an acute phase from the second half of 2010. However, the turnover rates show entirely different patterns for different sectors. Fig. 11 (a) is a plot of the evolutions of prices for the stocks from the health care sector in the largest community for returns, and the evolutions of turnover rates for the same set of stocks are shown in Fig. 11 (b) . Labels A to D in the figure correspond to the following events: A, on November 29, 2010, the NDRC issued an announcement to lower the retail price cap by an average of 19% among 17 therapeutic drug categories; B, the NDRC set new price ceilings Fig. 11 (a) . All subgraphs are plotted by using data in the sub-period from October 8, 2010 to March 30, 2012. Fig. 12 (a) shows the evolutions of prices for stocks from the banks sector in the 2-nd largest community for returns, and the evolutions of their turnover rates are shown in Fig. 12 (b) . Labels A to D in the figure correspond to the following events: A, China's Central Bank raised the benchmark deposit and lending interest rate by 0.25% on October 20, 2010; B, China's Central Bank announced to raise the deposit reserve ratio by 0.5% points from March 25, 2011; C, Central Huijin Investment Ltd bought shares in four major Chinese state-owned banks on the secondary market from October 10, 2011, aimed at supporting the steady operation and development of major financial institutions and stabilizing their stock prices; D, China's Central Bank cut the deposit reserve ratio by 0.5% from December 5, 2011. The stock prices had sharp declines after events A and B, and had temporal rises after events C and D. Although the turnover rates do not have clear clustering effect, a surge of turnover rates could also be observed after each of these events. Fig. 13 (b) shows the evolutions of turnover rates for stocks from the IT sector in the 4-th largest community of the graph obtained from turnover rates, and Fig. 13 (a) shows the evolutions of returns for the same stocks shown in Fig. 13 (b) . Label A in the figure corresponds to the event that China's State Administration of Taxation and Ministry of Finance announced that enterprises which developed their own software products or redesigned imported software products could have part of their valueadded tax refunded on October 13, 2011. The turnover rate remarkably increased immediately after this event.
On the other hand, stock prices had a sharp then transient rise.
In the fourth sub-period from April 5, 2012 to September 30, 2013, the community structure for returns retains its simplicity, as shown in Fig. 14 (a) . Its largest community comprises health care and consumer goods, and the 2-nd largest community comprises banks and consumer goods, both of which are located at the edges of the network. The large community at the center is the New Shanghai sector. Fig. 14 (b) shows the community structure for turnover rates. The graph is similar to the corresponding graph in the third sub-period, in which sectors like industrials, materials and consumer goods repeatedly appear in large communities. Table V also lists the sectors composing the eight largest communities for returns (left) and turnover rates (right) in this sub-period. New Shanghai sector appears in the eight largest communities for both returns and turnover rates, which is not observed in previous sub-periods, and the banks sector is in the 2-nd largest community for returns but not among the eight largest communities for turnover rates. We therefore choose New Shanghai and banks as two specific sectors in this sub-period, and show the evolutions of prices and turnover rates for the stocks from these two sectors. Fig . 15 (a) shows the evolutions of prices for stocks from the New Shanghai sector in the 4-th largest community for returns, and Fig. 15 (b) shows the evolutions of turnover rates for the stocks from the New Shanghai sector in the 2-nd largest community for turnover rates. Most stocks in these two communities have identical codes. Labels A to C in the figure correspond to the following events: A, the Central Economic Work Conference was held on December 15, 2012, which set the tone for economic priorities for 2013 and beyond; B, on May 22, 2013, the speech given by Ben Bernanke, chairman of the US Federal Reserve, increased the expectation of an interest rate rise, which caused dramatic declines for global stock markets; C, On 22 August, 2013, the State Council of China approved the establishment of Shanghai Pilot Free Trade Zone (SPFTZ). The stock prices continued to decline in the first half of this sub-period, then reversed the trend after event A. Although the stock prices suffered a transient decline after event B, there was a sharp increase after event C. One could also see that the turnover rates remarkably increased during or after each of these events. Fig. 16 (a) . All subgraphs are plotted by using data in the sub-period from April 5, 2012 to September 30, 2013. Fig. 16 (a) shows the evolutions of prices for stocks from the banks sector in the 2-nd largest community for returns, and the evolutions of their turnover rates are shown in Fig. 16 (b) . Labels A and B in the figure correspond to the same events as A and B in Fig. 15 : A, the Central Economic Work Conference was held on December 15, 2012; B, the speech given by the chairman of the US Federal Reserve on May 22, 2013 . Labels C and D correspond to the following events: C, the SSEC rose more than 5% in one minute due to the 7 billion Chinese Yuan of fat-finger from Everbright Securities on August 16, 2013; D, Chinese President Xi Jinping raised the initiative of jointly building the Silk Road Economic Belt in September 2013 during his visit to Kazakhstan. Similar to the results of New Shanghai sector, we also observe a rise and a drop in the stock price after events A and B respectively. After an imperceptible and transient decline near event C, the stock prices had a sharp increase after event D while the turnover rates surged during or after each of these events. We now study the community structures for returns and turnover rates in the fifth sub-period from October 8, 2013 to March 31, 2015 in Figs. 17 (a) and (b) . The graph for returns retains its simplicity, while the graph for turnover rates becomes relatively more complex. We further study the interacting sectors together with the results of sectors composing the eight largest communities listed in Table V . Compared to the community structures in previous sub-periods, the main differences lie in the fact that the health care sector disappears from these eight largest communities for both time series and the banks sector reappears in the eight largest communities for turnover rates after a brief absence in the third and fourth sub-periods. We also compare the community structures between returns and turnover rates in the last sub-period. We observe that the banks, consumer goods and materials sectors are in the top two largest communities for both time series and IT is in the 3-rd and 5-th largest communities for returns and turnover rates respectively. There also exist sectors appearing in communities with different rank orders for two series, e.g., real estate sector appears in the 2-nd largest community for turnover rates and in the 7-th largest community for returns, the New Shanghai sector is in the 3-rd largest community for returns and in the 8-th largest community for turnover rates. The stock prices in these sectors generally have rising trends in this sub-period due to the ample liquidity since the second half of 2014. However, the turnover rates for these sectors show entirely different patterns. We choose banks, IT and real estate as three sectors for illustration, and show evolutions of their returns and turnover rates as follows. Fig. 18 (a) shows the evolutions of prices for stocks from the banks sector in the largest community for returns, and Fig. 18 (b) shows the evolutions of turnover rates for stocks from the banks sector in the 2-nd largest community for turnover rates. Labels A to D in the figure correspond to the following events: A, China's Securities Regulator announced on July 19, 2014 more plans for the pilot program to connect the Shanghai and Hong Kong stock markets; B, China's Central Bank pumped 769.5 billion Chinese Yuan loans into banks in September and October via a medium-term lending facility; C, on November 22, 2014, China's Central Bank cut the benchmark deposit rate by 0.25% and the benchmark lending rate by 40%; D, on March 1, 2015, the benchmark deposit and lending interest rate was reduced by 25%. Both stock prices and turnover rates show remarkable increases after events C and D. This scenario is evident after event C, since the stock market was also influenced by the launch of the "Stock Connect" link between the Shanghai and Hong Kong stock exchanges on November 17 just before the interest-rate cut on November 22. Although the stock prices were not obviously affected by events A and B, turnover rates surged after these two events. Fig. 19 (a) shows the evolutions of prices for stocks from the real estate sector in the 7-th largest community for returns, and the evolutions of their turnover rates are shown in Fig. 19 (b) . Labels A to D in the figure correspond to the following events: A, China unveiled an urbanization plan for the 2014-2020 period on March 16, 2014, which would bring large demands for urban infrastructure, public service facilities and housing construction; B, China's Central Bank announced on September 29, 2014 that Chinese citizens who wished to buy a second home, would be able to enjoy the same 30% down payment requirement as first-time home buyers if they had fully repaid their previous mortgage loans; C, on November 22, 2014, China's Central Bank cut the benchmark deposit rate by 0.25% and the benchmark lending rate by 40%; D, on March 1, 2015, the benchmark deposit and lending interest rate was reduced by 25%. Inspired by these four events, the stock prices generally increased in this sub-period. A surge of turnover rates can also be observed after each of these events. 
IV. CONCLUSION
In this paper, we study the dynamic evolution of the community structures in Chinese stock markets from the aspects of both price returns and turnover rates, using daily data of 350 A-share stocks traded on the Shanghai Stock Exchange from October 8, 2007 to March 31, 2015 . The community structure is extracted from the PMFG graph based on the infomap method, and the sector mode decomposed from the correlation matrix is used to better identify stock interactions. The PDF of the sector mode suggests that the sector mode for turnover rates contains information more complex than that for price returns, which is further supported by the result that its eigenvalues are significantly larger than the eigenvalues of the random correlation matrix.
We investigate the community structure by using all daily records, and find that most of the communities in PMFG graphs are composed of definite industry or conceptional sectors. The results of PMFG graph and the listed eight largest communities show that the banks, real estate, health care and New Shanghai sectors compose a few of the largest communities for both return and turnover rate time series, but with different rank orders.
These sectors are also observed in the largest communities in the partitioned sub-periods. In addition, the community structure is more complex and the sector effect is relatively weaker for turnover rates than for returns, in agreement with the results of the PDFs of decomposed modes and eigenvalues of the correlation matrix. By analyzing both the average and sum of correlations inside and between the sectors which compose the communities, we find that the correlation inside a sector is generally larger than the correlation between different sectors. This result is robust to different construction methods of PMFG graph, i.e., absolute value of correlation matrix and distance matrix, and the latter is used in our study.
In order to study the dynamic evolution of community structures, we partition the whole period of our sample data into five sub-periods, and study the community structures in each sub-period. Banks sector appears in the largest community for both returns and turnover rates in the first sub-period due to the global financial crisis in 2008, and reappears in the top two largest communities for both time series in the last sub-period accompanied by ample liquidity. Health care sector composes the largest community for returns during the second to fourth sub-periods due to the health-care reform, and also appears in the 3-rd largest community for turnover rates in the third sub-periods. New Shanghai sector appears in the top four largest communities for both time series in the fourth sub-period due to the establishment of SPFTZ. However, there exist several specific sectors which appear in communities with different rank orders for the two time series. We further compare the evolutions of prices and turnover rates of the stocks from these sectors, and offer an interpretation for their differences based on historical events related to these sectors. In our study, we found that turnover rates are more susceptible to external events. Stock prices had large changes only around some important events, while turnover rates surged after each of these events. The difference between the response of returns and turnover rates to exogenous shocks may reflect the complexity of their corresponding network structures. A relationship between the fluctuations of returns and the way that turnover rates respond to exogenous shocks should be an interesting subject worth to study in the future. March 31, 2015 . The stock communities are extracted from the PMFG graphs obtained from the correlation matrices of price returns (left) and turnover rates (right) in each sub-period by using the infomap method. The interacting sectors identified in the top 50% stocks and the total stocks of the eight largest communities, the number of stocks N stock , the sum of the mean correlation coefficient ic i and the sum of the page rank i P Ri in each community are listed. The number in the bracket after each sector code denotes the number of stocks from this sector. For those communities which do not have clear sector effect, the sector codes are not listed.
